The modeling of mid-trophic organisms of the pelagic ecosystem is a critical step in linking the coupled physical-biogeochemical models to population dynamics of large pelagic predators. Here, we provide an example of a modeling approach with definitions of several pelagic mid-trophic functional groups. This application includes six different groups characterized by their vertical behavior, i.e., occurrence of diel migration between epipelagic, mesopelagic and bathypelagic layers. Parameterization of the dynamics of these components is based on a temperature-linked time development relationship. Estimated parameters of this relationship are close to those predicted by a model based on a theoretical description of the allocation of metabolic energy at the cellular level, and that predicts a species metabolic rate in terms of its body mass and temperature. Then, a simple energy transfer from primary production is used, justified by the existence of constant slopes in log-log biomass size spectrum relationships. Recruitment, ageing, mortality and passive transport with horizontal currents, taking into account vertical behavior of organisms, are modeled by a system of advection-diffusion-reaction equations. Temperature and currents averaged in each vertical layer are provided independently by an Ocean General Circulation Model and used to drive the mid-trophic level (MTL) model. Simulation outputs are presented for the tropical Pacific Ocean to illustrate how different temperature and oceanic circulation conditions result in spatial and temporal lags between regions of high primary production and regions of aggregation of mid-trophic biomass. Predicted biomasses are compared against available data. Data requirements to evaluate outputs of these types of models are discussed, as well as the prospects that they offer both for ecosystem models of lower and upper trophic levels.
Introduction
The level of information, both in terms of understanding and observations, for the physical and biogeochemical components of the pelagic ecosystem is now sufficient to make realistic basinscale simulations of ocean physics and lower trophic (phytoplankton) level biology. On the other hand, the information is still very limited for the intermediate or mid-trophic levels (micronekton). Yet, the modeling of these components is essential for understanding the dynamics of their predators that are most often heavily exploited species. Pressing management issues require rapid developments in understanding and prediction of the changes occurring in these populations under the pressures of both fishing and climate change. Thus, it is a primary condition to develop a new generation of ecosystem models for the study and management of these exploited marine resources whose exploitation attracts increasing concerns on their sustainability or even a risk of extinction in some cases.
Given these pressing issues, the modeling approach certainly requires realism and pragmatism, especially if we use ''ecosystem" in its whole sense that is including both the physical environment and the set of all living organisms and their interactions in space and time, with each other and with their environment. There is an obvious huge gap between the recent achievements in physical oceanography, with the development of ocean general circulation models (OGCMs), and our capacity to model the incredible complexity of the marine life. Though less advanced in understanding and representation of underlying mechanisms, the new generation of biogeochemical models (BGCM) appears also mature enough to capture the global features (spatio-temporal, seasonal-to-interannual and multi-decadal variability) of the components of the carbon cycle. Of course, there is still a vast field of research for including increasing complexity of processes, in particular over the continental slopes, shelf-breaks, and coastal areas, but at least there is a simplified and coherent vision of these biogeochemical components, and the coupling between OGCM and BGCM (OGCBM) is now a common practice. In addition, for both types of models, there exist synoptic (satellite-derived) and in situ observations allowing model evaluation and data assimilation.
The situation is remarkably different as soon as we move up a step in this great ecosystem picture, i.e. for zooplankton and more particularly the mid-trophic levels that constitute forage organisms of predator species; the latter being frequently exploited marine resources. The challenge proposed here is to model these components of the marine ecosystem despite the very limited knowledge and observation available, thus using an approach as simple as possible, but that can be coupled nonetheless, to the other components (OGCBM) without loosing the benefit of the better insights and detailed modeling possibility they offer. This means that the new modeled components have to be spatially-explicit and at least constrained by their bio-physical environment predicted by the OGCBM, if not fully coupled to investigate potential biological feedbacks.
Given the diversity of species and interactions in the food web structure, the approaches for modeling ecosystem ecology rely mainly on the energetic view as stated by Lindeman (1942) , describing the ecosystem as a flow of energy through a network from the first trophic level (primary producers) to the consumers groups. The question is how to define these groups. In its simplest expression, it would be a chain of discrete trophic levels, as in a trophic pyramid. The concept then can be extended to a larger number of groups producing an increasingly complex network with potential interactions between one group and all the others, and requiring the introduction of a continuous representation of trophic levels.
This approach of trophic flow models has been proposed and used for investigating different marine ecosystems (Christensen and Pauly, 1992) but it becomes limited by the extensive number of parameters exponentially increasing with the number of groups defined to represent the network. The parameterization of the trophic network in such models becomes an unrealistic static view when considering the plasticity of organisms and their aptitude to switch from one prey (or group of prey) to another. Besides, most of oceanic large predators are opportunistic feeders with a very large spectrum of prey species. In addition, the definition of groups by trophic levels may be problematic since organisms can occupy many different trophic levels over their life.
A second approach is then to consider the size spectrum in the ecosystem. The size was effectively identified as a fundamental criterion that structures the ecosystem, especially the marine ecosystem. The size of an organism largely determines its function in the ecosystem: it controls the diet based (roughly) on prey-predator size relationships; there is an obvious size-abundance relationship, the smaller organisms being the most abundant (Elton, 1927) ; and finally metabolism and turnover also appear linked to it. These latter relationships have been investigated for long and seen in multiple empirical observations. Kleiber (1932) was the first to provide a surprising result by showing that an animal's metabolic rate is proportional to its body mass raised to the power of 3 = 4 . Since then, scaling laws based on exponents in which the denominator is a multiple of four have been proposed in various ways. Empirical data also suggest allometric relationships between abundance per unit area and body size (or weight) both in terrestrial and marine systems (e.g., Sheldon et al., 1972; Kerr, 1974; Enquist et al., 1998; Belgrano et al., 2002) , or similarly between weight of organisms and the growth rate of their population (Fenchel, 1974; Savage et al., 2004) . It follows from these findings that abundance at a given size (weight) or ''size window" is constrained by rates of energy supply, thus leading to macroecological properties. Therefore, abundance or biomass-body size (weight) relationships have been used to describe the energy flow in biomass size spectrum in different ecosystems which interestingly showed similar slopes in log-log relationships (Dickie, 1976; Boudreau and Dickie, 1992) .
Underlying mechanisms that can explain these scaling laws are obviously of critical significance for ecological modeling. Platt and Denman (1978) proposed a first attempt to understand the size structure of pelagic ecosystems under energetic balances. They demonstrated that ''the trophic structure of an ecosystem is controlled in some way by the magnitudes of various physiological rates of the component organisms" (Platt, 1985) , thus establishing the allometric basis that structures the marine ecosystems. More recently, a theory known as the Metabolic Theory of Ecology (MTE) has been proposed by Brown et al. (2004) to describe how the metabolic rate of individual organisms varies with body mass and temperature. Another approach proposed previously by Kooijman (1986) was based on a model of dynamics energy budget (DEB). Though based on similar principles (e.g., the van Hoff-Arrhenius equation), the approaches are different and debated ( Van der Meer, 2006) , and will require much work and experimentation before providing the kind of unifying conceptual frameworks needed for modeling the ecosystem based on molecular principles.
Nevertheless, scaling laws like allometric relationships are now sufficiently well established to be used as a practical modeling approach especially since critical issues like climate change or management of (over) exploited marine species require the rapid development (e.g., in the coming 5-10 years) of ''Minimum Realistic Models" (MRM) as defined by Butterworth and Plaganyi (2004) , i.e. ''with the underlying concept to restrict the model developed to those species most likely to have important interactions with the species of interest".
In this paper, one pathway is presented as an alternative to the size spectrum approach that combines energetic and functional approaches, to model the mid-trophic level organisms of marine ecosystems. Instead of describing the full size spectrum of the marine ecosystem, we propose to model several functional groups for a given size or weight window, corresponding to the biomass of forage organisms of large oceanic predators, i.e. roughly the micronekton. Rather than considering size, this approach is based on the temperature-linked development time of the organisms and the turnover of their multi-species population functional groups. The bio-physical forcing provided by one OGCBM is used to produce a simulation of the mid-trophic functional components. Then the interest of representing these new functional groups as a link for investigating and modeling the dynamics of fish populations is discussed.
Modelling approach

Conceptual model of the mid-trophic functional groups
Oceanic micronekton includes a myriad of species providing forage for larger predators. They can be roughly characterized by a size spectrum in the range of 2-20 cm dominated by crustaceans, fish, and cephalopods. Gelatinous organisms like jellyfish are also likely an underestimated important component of micronekton in the functioning of the system but apparently have a limited number of predators. One distinctive characteristic of most of these organisms is to perform diel vertical migrations, moving between deep layers during the day to the surface layer at night. This evolutionary adaptation likely decreases the predation pressure during the day in the upper layer though predators also have adapted their behavior under the same constraints, i.e. finding food and avoiding bigger predators. But the essential result is that the flow of energy generated by autotrophic organisms in the euphotic layer is transferred to the deeper meso-and bathy-pelagic layers through these daily migrations. Acoustic and micronekton sampling studies indicate that most of the micronekton biomass occupies the meso-and bathy-pelagic layer. Therefore, according to Legand et al. (1972) , and Grandperrin (1975) , about 90% of the biomass of macroplankton and micronekton in the tropical Pacific Ocean is typically concentrated in the 0-500 m upper layer during the night and 50% in the 0-100 m layer, however, only 10% remains in the first 200 m during the day. Similarly, Hidaka et al. (2003) found a factor 10 between day and night biomass of micronekton in the upper 200 m of the western tropical Pacific Ocean. Predators of these mid-trophic organisms have evolved to prey upon these species, i.e., either they chase the prey species migrating in the layer they inhabit, or they make temporary excursions in the layers where these species remain. Through evolution, the predators have thus developed sensory, morphological and physiological adaptations allowing them to exploit cold, dark and sometimes oxygen depleted deep layers. Hence, vertical movements appear to be a key process in structuring the ocean ecosystem, and therefore an essential mechanism that has to be accounted for when designing a functional view of the system. Following this idea, and based on existing knowledge (c.f. a review in Appendix A), a simple conceptual model of the mid-trophic level components can be proposed with six functional groups in three vertical layers: epipelagic, mesopelagic and bathypelagic (Fig. 1) . The pelagic micronekton is divided into epipelagic, mesopelagic and bathypelagic groups, the last two groups subdivided into vertically migrant and non-migrant species. Since light intensity is likely a major factor that controls diel vertical migrations of meso-and bathy-pelagic organisms, the euphotic depth is a logical and convenient way to define the vertical boundaries of the three layers. Preliminary examinations of predicted euphotic depths from biogeochemical models indicate that using the euphotic depth as the boundary for the epipelagic layer and defining the boundary between meso-and bathy-pelagic layers by three times the euphotic depth would produce values similar to those defined from biological observations, e.g., between 50 and 150 m for epipelagic and 150 and 450 m for mesopelagic layers in the eastern and western tropical Pacific Ocean respectively.
Spatio-temporal dynamics of functional groups
Here, micronekton functional groups are considered as single populations composed of different species, and then modeled using the same equations as for single population model (see previous references in Lehodey et al., 1998; Lehodey, 2001) , with continuous mortality and recruitment (e.g., Ricker, 1975) . Instead of having different age classes (cohorts) of the same species, there are different age classes of many different species, the mathematical solution being the same (Allen, 1971) .
The concept of this model dynamics was illustrated as follows (Lehodey, 2004a) : ''at any time, anywhere in the ocean, there is a mixing of all kinds of eggs, cells, etc. that are the germs of the future organisms of the pelagic food web. In some places and at some times, the input of nutrients into the euphotic zone allows an almost immediate development of phytoplankton (primary production P) that is the input source into the forage population model (F). This new production allows the development of a new ''cohort" of organisms, i.e., true zooplankton like copepods as well as all larvae of fish and other larger organisms (meroplankton). The organisms having a longer lifespan and a larger growth potential (larvae and juvenile of fish, squids, shrimps, etc.) feed at the expense of the organisms with a shorter lifespan and a lower growth potential (phytoplankton, zooplankton). As the water masses are maturing, they are advected with these organisms (but a part of them can also diffuse away due to the diffusion of water and their own random movements) and the currents create fronts of convergence where forage is aggregated. Of course these dynamics occur as a continuous process in time and space. Following this time-trophic continuum concept, the species [for a given cohort] should disappear selectively in the order of their trophic level related to their time of development". At the time (t r ) they are entering ($recruited in) the forage population F (biomass), the survival organisms -the amount of which is linked to the energy efficiency coefficient E -provide the forage production (F 0 ). In this approach there is no size structure in functional groups but accumulation of biomass (after a given recruitment time t r ) through an energy efficiency coefficient E with primary production as the source. However, these functional groups can be considered as body size ''windows" of the full size spectrum of the marine system. Given the lack of detailed information concerning the consumption rates and the links between zooplankton and micronekton groups, it was in fact an easy and feasible way at this stage to implement ecological transfer from primary production to micronekton groups (see Appendix B). This representation appears sufficient for developing new modeling approaches and applications to population dynamics of exploited species (see Section 5).
The spatial dynamics are considered and described with an advection-diffusion equation using horizontal currents for the advective terms and a diffusion coefficient (q = 10,000 m 2 s À1 ) incorporating both diffusion of water and random movement of organisms. During the time that a mid-trophic functional group is occupying its day or night layer, it is transported by the currents averaged through corresponding layers. The time spent in one or the other layer is calculated from the day length equation as a function of the latitude and the Julian day (see Appendix C).
Parameterization of the turnover of the functional groups
The turnover of mid-trophic functional groups is controlled by the parameter k (mortality coefficient) and the parameter t r that is the minimum age to be recruited in the mid-trophic functional population. The maximum lifespan defined as the time necessary to see the population reduced to a determined level (e.g., x = 1% or 5%) is t max = À1/k Ln(x) + t r (Lehodey, 2001) . The turnover of a population is usually defined as the generation time or the average age at maturity t m of the individuals in the population, hence it is useful to search for a relation between age at maturity and the mean age of population that could help in the parameterization of k. Indeed, age at maturity and lifespan are important criteria in population dynamics and it has been empirically demonstrated in a study by Froese and Binohlan (2000) that they are both linked following a log-log linear relationship (Eq. (1)). Given the range of standard error of the original regression (Froese and Binohlan, 2000) , and taking x = 0.05, Eq. (2) can be simplified into Eq. (3):
As useful as this relationship can be, it would be more satisfying to deduce a formal relationship between mortality k and t m from a theoretical basis. The dynamic energy budget (Kooijman, 1986) or the Metabolic Theory of Ecology ) may offer such a theoretical framework. At the population level, turnover is linked to biological rates of individual organisms and then relies on the metabolic rates at which these organisms use and transform energy and materials (e.g., Platt, 1985; Savage et al., 2004) . These rates obey the thermodynamic laws, i.e., the physical and chemical principles that govern the transformation of energy and materials, and while the metabolism is linked to the size of organisms, the time needed to reach a given size (weight) is constrained by the ambient temperature. Gillooly et al. (2002) , following the work of West et al. (1997 West et al. ( , 2001 , describe the allocation of metabolic energy at the cellular level, having developed a model that predicts a linear relationship between the natural logarithm of a mass-corrected development time (t/m 1/4 ) and the ambient temperature at which the development stage occurs (T c in°C), or to be more precise, the term T c / (1 + (T c /273)). They illustrated the capacity of the model to predict how size and temperature affect embryonic development time of aquatic ectotherms (fish, amphibians, aquatic insects, and zooplankton) and birds, as well as the post-embryonic to maturity development time of zooplankton species. Their model predicts approximately universal straight line with the slope, a ¼ ÀE=kT
with E the activation energy for metabolic reactions, k the Boltzmann's constant and T 0 = 273 K. Because both the slope and intercept depend on fundamental cellular properties, they do not vary significantly across taxa. With Ē = 0.6 eV (an average of the observed range 0.2-1.2 eV), the model predicts a = À0.09 per°C, while values obtained by regression from different data sets are in the range of À(0.11-0.14) .
Similarly, we have investigated the relationship between age at maturity of mid-trophic species and their ambient temperature. Unfortunately it is very difficult to obtain from the literature the three variables needed, i.e. the age at maturity t m , the body mass at maturity m and the ambient temperature T c . We were able however to compile a dataset of t m and T c for mid-trophic species of the main taxa of ocean mid-trophic groups, i.e., crustaceans, fish and squid. Parameters were estimated from a log-linear regression (Eq. (4); Fig. 2 ) that gives a good fit to the data (N obs = 45; R 2 = 0.889).
To be fully comparable with the model proposed by Gillooly and co-authors, observations of time of development to age at maturity for these species (Fig. 2) should be also corrected relatively to the mass factor (m 1/4 ). Nevertheless, it is clear that these results suggest that Gillooly et al.,'s model could be effectively extended to these other taxa, at least concerning the development time until the onset of maturity during which the energy is devoted to growth and somatic maintenance only. The slope (À0.125) and the intercept (7.654) that we obtained are in the range of what has been obtained with other datasets .
Finally, substituting 1/k + 1/3 t r for t m into Eq. (4), we obtain a parameterization of k linked to the ambient temperature and t r (Fig. 2) . The parameterization of t r itself would require a detailed study to compile a dataset of time of development, i.e., age, and ambient temperature for organisms to reach the minimum size of the modeled mid-trophic functional groups. Indeed, a relationship of temperature-linked time of development to reach a minimum weight would be more accurate. On the basis of a few observations from tuna diets, we have fixed to 1 g the minimum weight of the mid-trophic groups, e.g., this is the average weight of pelagic crab megalopa that are eaten in large number by yellowfin tuna off eastern Australia (J. Young, personal communications, CSIRO). Marine organisms reach this minimum weight in much less than 1 month in warm waters (>28°C); a good example is given by tuna larvae that can reach 5 cm after only 1 month in the Pacific warm pool. In colder water (10-15°C) like in the upwelling systems of the Humboldt, California or Benguela, growth studies of anchovy, sardines and other Clupeidae suggest a value of t r above 2 months (Palomares et al., 1987) . Finally in very cold water (<5°C) it may require more than 10 months to reach this minimum weight. In sub-antarctic waters (2-5°C) for example, pteropods, a small but important prey species Dalzell (1993) .
of Pacific salmon, is adult after 1 year (Kobayashi, 1974) . Since there is no reason to have a different slope in the temperature relationship for t r , we used t r = 1/4 t m to match these very scarce observations (Fig. 2) . This simple definition leads to a maximum value of 2109 days and 527 days for 1/k and t r respectively at T c = 0°C and the same exponential coefficient (À0.125).
Model configuration and forcing data set
The model domain covers the Pacific Ocean with a grid extending from 65°N to 50°S at 1°Â month resolution. To drive the intermediate trophic functional groups, we used physical and biogeochemical forcing data sets derived from a coupled physical-biogeochemical model.
The Ocean General Circulation Model (OGCM) is based on a reduced gravity, primitive equation, r-coordinate model coupled to an advective atmospheric mixed layer model (Murtugudde et al., 1996) . Numerous studies on tropical ocean variability, tropicalsubtropical interactions, physical-biological feedbacks, and coupled ecosystem variability have been reported demonstrating the model's ability to capture the sub-seasonal to interannual variability of the dynamics and thermodynamics in the tropics (e.g., Chen et al., 1994; Murtugudde et al., 2002 Murtugudde et al., , 2004 . A biogeochemical model has been fully coupled to the OGCM described above and tested in the three tropical oceans (Christian et al., 2002; Christian and Murtugudde, 2003; Wiggert et al., 2006) . This model consists of nine components: two size-classes each (large and small) of phytoplankton, zooplankton and detritus, and three nutrient pools: ammonium, nitrate, and iron. The incorporation of iron into the ecosystem model is of vital importance for improving the prediction of the ecosystem response as iron has been identified as an important element controlling phytoplankton growth and biomass in large regions of the world's oceans (Coale et al., 1996; Martin, 1990; Martin et al., 1994) . This model works well in reproducing ecosystem dynamics and biogeochemical fields at seasonal to interannual time scales (Wang et al., 2005 (Wang et al., , 2006a , though the variability of primary production is underestimated, a tendency observed in all biogeochemical models (R. Feely, 2005, personal communications). Figs. 3 and 4 illustrate the ability of the model to capture the interannual and decadal variability in the primary production in the tropical, extra-tropical, and mid-latitude regions.
For simplicity in this first application, temperature and horizontal current variables were averaged in three vertical layers (see Appendix C for details), with fixed depths rather than based on variable euphotic depths: epipelagic (0-100 m), mesopelagic (100-400 m) and bathypelagic (400-1000 m). The primary production was integrated through 0-400 m. The period of simulation spanned 1948-2004 period. A monthly climatology was created for all forcing variables as a monthly means computed over all years of simulation, and used for the spin-up to build up the biomass of the different functional groups and to reach equilibrium, i.e., practically, after a number of time steps P (t r,max + 1/k max ). Though the simulation domain covered the full Pacific basin, we will focus our analysis on the tropical (30°N-30°S) region.
Results
Simulation outputs
The distribution in the epipelagic layer during the day is the most contrasted, due to higher temperature (faster turnover) and stronger environmental variability in this layer than in the deeper layers. On average, there is a latitudinal shift of maximum concentration that appears in the equatorial region on each side of the equator (Fig. 5) . The maximum of biomass in the surface layer during the day occurs in the eastern Pacific in association with the coastal Peruvian upwelling and in the west in the shallow waters of the Papua New Guinea-Indonesia and Philippine waters, where in addition to high primary productivity levels, most of the energy is transferred to the upper layer since there are no bathy-and meso-pelagic layers. When comparing the biomass distribution in the different layers, there is an obvious contrast between forage biomass in the epi-and bathy-pelagic layers during the day (Fig. 5) , most of the biomass being concentrated in the deepest layer (Fig. 6) . The average spatial distribution of bathypelagic biomass is more diffuse with a contrast between a rich cold-tongue associated with the equatorial upwelling and merging in the east with the highly productive coastal upwelling along the Peruvian coast and lower biomass on each side in the central gyres.
The contrasts in spatial distribution are also associated with time lags in the turnover of the mid-trophic components. For example, low and high peaks in primary production are propagated with a delay of $2 months in the epipelagic component in the equatorial east Pacific, but because of the cold temperature in the deep layer, the lag increases to 12-14 months for the bathypelagic group (Fig. 5 ). These differences can lead to opposite peaks in the fluctuation of epipelagic and bathypelagic groups (Fig. 5) and complex spatial heterogeneity due to redistribution by oceanic circulation.
In addition to their own internal dynamics, the mid-trophic components are affected by the interannual and longer time scale variability of climate and the environment, through changes in temperature, currents and primary production. These changes are reproduced by the physical-biogeochemical model (Fig. 4) and the effects on mid-trophic components illustrated in Fig. 6 , where biomass time series of the six mid-trophic components are provided for the equatorial box 5°N-5°S; 120°W-100°W. With different time lags, all components are affected by ENSO-related interannual variability (e.g. El Niño events of 1972-1973, 1982-1983 and 1997-1998 , and La Niña events of 1988-1989 and 1999-2000) . The amplitude of ENSO-related fluctuations decreases through the mid-trophic groups in relation with the proportion of time spent in the upper layers, i.e. that groups with higher turnovers and low biomass over production ratio are more affected than groups with lower turnovers and high B/P ratios (Fig. 6) . Considering all the mid-trophic groups together, the sum of their anomalies relatively to the mean biomass of each group is correlated to the Southern Oscillation Index (SOI) with a maximum coefficient of correlation (r = 0.64) for a time lag of 6 months. Interestingly, frequency of the ENSO signal is smoothed through the different mid-trophic groups, leading to decadal periods dominated by positive or negative anomalies, the last one being positive and starting in 2000. This cascade of ENSO influences through the mid-trophic levels needs further validation against observations even though there are only sparse observations.
On the spatial scale, the ENSO variability, characterized by large changes in surface circulation, temperature distribution and primary production (Fig. 3) , strongly affects the forage biomass distribution in the tropical regions (Fig. 7) . For example, at the end of the last strong El Niño event of 1997-1998, the simulation predicts an interesting asymmetric distribution of epipelagic biomass relative to the equator with an enhanced biomass west of the Dateline, and conversely a more strongly depleted southern subtropical gyre. This pattern is observed both for day and night distributions ( Fig. 7 ) with in addition a substantial increase of biomass at night in the eastern Pacific Ocean. At night, the biomass in the upper layer increases by a factor 6-10 due to migration of meso-and bathy-pelagic components (Fig. 7) .
Evaluation
Despite the wide spatio-temporal distribution and huge abundance of mid-trophic level organisms and their major influence on top predator distribution and population dynamics, they are still one of the less known components of pelagic ecosystems. The first source of observation that can be used for the parameterization of the model and the evaluation of its outputs are biomass estimates from different micronekton sampling cruises. Because time and cost constraints, as well as difficulty inherent to net sampling techniques (e.g. to collect the most agile organisms such as squids), these sparse observations provide only part of the picture. Nevertheless, they are essential data providing a first order estimate of the absolute biomass of micronekton in the water column. For example, the EASTROPAC cruises in 1967 -1968 (Blackburn and Laurs, 1972 provided distributions of micronekton in the eastern equatorial Pacific Ocean (EPO) in the upper 200 m showing an increase in biomass between day and night from $1-8 to 10-20 ml/1000 m 3 , and still some higher concentration near the coast of Peru. Assuming a conversion of 1 g per ml and since the epipelagic layer here is 100 m, this leads to value of 0.1-0.8 and 1-2 g WW m À2 for day and night respectively, which is consistent with the model outputs (Fig. 7) .
On the other side of the basin, Hidaka et al. (2003) sampled in the warm pool, north of Papua New Guinea (0°N-10°N; 140°E-150°E ) during a cruise in January-February 1998. They calculated that the micronekton biomass in the upper 200 m was in general <1 mg WW m À3 (0.01-0.7 mg WW m
À3
) during the day, with a few exception when large schools of epipelagic anchovy were encountered (max. value 23.3 mg WW m À3 ), and increased to a range of 3-38.8 mg WW m À3 at night. Here, after converting to g WW m À2 for a 100 m epipelagic layer (i.e., multiplying by 100 m and dividing by 1000 mg), we obtain a range of 0.001-0.07 and 0.3-3.88 g WW m À2 for day and night respectively that are in the same order of predicted values as shown on Fig. 7(a and b) . With the development of acoustic techniques and surveys, the use of micronekton net sampling has become a useful method to calibrate and standardize the biomass integration from the acoustic signal. However, the simulated migrant pelagic biomass includes all type of organisms while acoustic data frequently target one group of species, e.g., mesopelagic fishes (McClatchie and . Dunford, 2003) . Thus, these surveys provide a useful but still rough evaluation and require careful calibration. Nonetheless, acoustic studies offer the considerable advantage of potentially providing long time series of data. As an illustration of the interest of acoustic monitoring for model evaluation, we compared the backscatter signal of ADCP (Acoustic Doppler Current Profiler) that was deployed on the TAO-TRITON array of oceanographic buoys at two locations on the Equator, at 165°E and 170°W, with primary production and biomass of mid-trophic components in the epipelagic layer at night, both predicted from the simulation above (Fig. 8) . ADCP backscatter signal is linked to the biomass of macrozooplankton (roughly >1 cm) and micronekton and thus is an abundance index of the mid-trophic organisms. The comparison shows that fluctuations of the ADCP time series are delayed by approximately 2 months relative to the predicted primary production. This is a coherent result given the expected delay between primary and secondary/tertiary production. Conversely, these fluctuations match very well those of the predicted mid-trophic biomass suggesting that the model captures the important spatio-temporal dynamics of these groups. We will continue, for the evaluation of the model outputs, to compile more of these direct and indirect measures of mid-trophic biomass. Furthermore, we will search for an approach to use long time series of acoustic profiles to be processed and directly assimilated in the model for parameter optimisation. This will require identifying the functional groups in the echograms and to extract the corresponding part of the signal.
Discussion
Organisms occupying the mid-trophic level either temporarily or permanently during their life can be both prey of larger predators but also predators of smaller organisms, including eggs, larvae and small-size juveniles of marine pelagic species. Therefore, they can potentially control the dynamics of all marine species through different mechanisms, which can produce complex results, when interacting in a dynamic system. First, mid-trophic organisms are prey of large oceanic species that are essentially opportunistic omnivorous predators. Most of these large predators are in the upper layer during the night, while during the day species have evolved to exploit different vertical layers. If we consider the schematic view of the pelagic system with three vertical layers: epi-, meso-and bathy-pelagic, as used to describe the midtrophic components in the present study, it is relatively easy to roughly classify different vertical behavior types of top predators according to their ability to explore the deeper layers. Thus, both horizontal and vertical distributions of prey fields are certainly key factors to understand the spatio-temporal dynamics of the large oceanic predator species, and the modelling approach presented here offers an ideal framework for developing new generation of spatially-explicit population dynamic models of exploited oceanic predators of micronekton.
One example of coupling a fish population dynamic model to this suite of models representing ocean physics to lower and mid-trophic levels is the spatial ecosystem and populations dynamics model SEAPODYM (Lehodey et al., 2003 . It uses the functional mid-trophic components above for constraining the spatial dynamics of predators (e.g., tuna) and the food competition between the predator species. The model also includes a description of multiple fisheries and then predicts spatio-temporal distributions of catch, catch rates, and length-frequencies. Thus, it becomes possible to use fishing data for model parameters optimisation and test if the mechanisms included into the deterministic model can be justified from available data . At the difference of standard statistical population dynamic models, such spatially-explicit models driven by environmental mechanisms provide the ability to perform hindcast and forecast simulations, forced by reanalyses or projections of environmental variables, and thereby to explore long-term scale variability due to interannual and decadal climate variability or impacts of global warming.
While adult large oceanic species are likely searching for concentrations of mid-trophic organisms to feed, they should try to avoid them for spawning to increase the chance of their own larvae to survive and to be then recruited into the adult population.
Understanding the recruitment mechanisms in marine species has been and still is one of the most important research fields in fishery sciences. Briefly, the key mechanisms include the problem of starvation, especially since the larval phase appears as a critical period (Hjort, 1914) . Cushing (1975) thus introduced the concept of match-mismatch between spawning and presence of food for larvae, to explain recruitment variability. The temperature that influences growth rates, and thus the duration of this critical life period, is also of primary importance. Considering the dynamic oceanic environment, advection becomes an issue since oceanic circulation can create retention or dispersion in favorable or unfavorable zones (Parrish et al., 1983) . Surprisingly, there are very few studies that investigate the relationship between recruitment and the predation of larvae. One reason is likely the difficulty of sampling the predators of larvae (i.e. the mid-trophic biomass essentially) comparatively to the sampling of their prey (phytoand zooplankton). A realistic modelling of the mid-trophic biomass would certainly help in investigating the role of predation in larval survival, and could also assist in the preparation of research cruises.
A key issue for the coming years will be to compile all available information allowing to evaluate and to calibrate this type of midtrophic models based on functional groups or other approaches, e.g., a continuous size spectrum (Maury et al., 2007) . But new tools are also needed, based on existing technology for large-scale monitoring of these mid-trophic level organisms. Ultimately, collected data should be used for parameters optimization and data assimilation. A recent workshop 1 initiated by the CLIOTOP programme discussed the observational needs for addressing this critical lack of information. The purpose of this meeting was to identify the requirements for addressing the first phase of development of a generic automated acoustic sampler of the open ocean mid-trophic organisms (the MAAS) in the perspective of a second phase devoted to its large-scale deployment on drifter networks. Aimed to improve and validate mid-trophic models, the acoustic observations provided by the MAAS were listed in the order of difficulty to achieve:
1. the vertical distribution of the biomass and the depth of the different biological layers including their daily vertical migrations, 2. the relative abundance indices for each depth layer, 3. the absolute abundance indices for the depth layers, 4. rough taxonomic group identifications in the depth layers (e.g.: myctophids, crustaceans, cephalopods, jellyfish, etc.), 5. the size distribution of biomass within the depth layers.
The use of acoustic data has often been criticized due to the difficulty of getting reliable estimates of absolute biomass and identification of taxonomic groups with this technology. However, a consistent estimation of relative distribution of biomass in the vertical layers seems a realistic objective that can be achieved. This would offer critical information for model parameterization, as relative changes in day and night biomass values in each vertical layer provide information to aid the parameterization of energy efficiency coefficients in different oceanic regions, in particular through data assimilation techniques. Stable isotope analyses are the other valuable source of information to assess energy transfer from primary production to upper trophic levels (Jennings et al., 2002) including the mid-trophic groups, and are particularly well suited for comparisons with model outputs based on carbon or nitrogen cycles.
It is worth noting that even without absolute estimates, relative spatio-temporal distributions of mid-trophic biomass have a large range of applications, from investigating horizontal and vertical behaviors and habitats of large predators of these mid-trophic level . ADCP data kindly provided by Patricia Plimpton and Michael McPhaden of NOAA/PMEL (Plimpton et al., 2004) . Data from the different deployments have been adjusted without formal calibration but instrumental difference observed from one deployment to the next one were low (max $5 dB) comparatively to the natural variability (M.H. Radenac, personal communications).
species to the coupling with spatial population dynamics of these same species, based on relative rather than quantitative mechanisms. For example, the match/mismatch between spawning and presence of food for larvae can be combined in a model with the larval predation effect by the use of a ratio between food (zooplankton) and predators (mid-trophic organisms) of larvae (e.g., see an application in Lehodey et al., 2008) .
With an increasing amount of data for model parameterization it will become possible to envisage the full coupling of the mid-trophic functional groups to the biogeochemical model, i.e., to parameterize the transfer from zooplankton and detritus groups in one way and the flux of mid-trophic groups to the detritus component in the other way. A proper parameterization will be strongly dependent on the availability of the acoustic data. The main advantage of such coupling could be for the biogeochemical modelling, where a more realistic spatio-temporal variability of zooplankton mortality rate could be expected, since it would be linked to the biomass of predicted mid-trophic components.
Finally, unexpected applications can originate from the modelling of mid-trophic components. One example is the study of biological turbulence in the sea. This stimulating idea has been regenerated recently by the measured contribution of krill turbulence in an inlet of British Columbia (Kunze et al., 2006) , which showed local increases by 3-4 orders of magnitude. These measurements bring new interest on more theoretical findings by Huntley and Zhou (2004) who calculated the rate of turbulent kinetic energy production by various species encompassing a large range of size (from krill to tuna and whales). A significant largescale biological feedback on the ocean turbulence due to the vertical migration of the huge biomass of meso-and bathy-pelagic organisms would be a fundamental discovery and is thus worth exploring. Numerical simulations combining an estimate of the biomass of these organisms and their potential production of turbulent kinetic energy (TKE) -e.g., following Huntley and Zhou (2004) approach -could provide a first insight on the potential large-scale effect of animal-induced turbulence in the ocean. This additional TKE production term could then be simply added in the TKE budget that governs vertical mixing (e.g., Gaspar et al., 1990) . Then, in situations where biological production significantly augments the TKE level, the simulated vertical mixing will be enhanced. This will generally induce an increased injection of cold, nutrient-rich, water from the pycnocline into the euphotic layer which could, in turn, yield an enhanced primary production and, ultimately, an increased mass of turbulence-producing organisms. The importance of such retroactions can certainly be explored using the type of simple mid-trophic model presented here.
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Appendix A. Taxonomic classification based on the definition of functional components
Based on several seminal works carried out in the Pacific Ocean by Blackburn (1968 ), Granperrin (1975 , King and Iversen (1962) , Legand et al. (1972) , Roger (1971), and Vinogradov (1981) , the pelagic micronekton has been divided into epipelagic, mesopelagic and bathypelagic groups, the last two groups being subdivided into migrant and non-migrant species. These groups include organisms of the main taxa (Table A-1) : fish, crustacean, cephalopods and the gelatinous filter feeders.
Appendix B. Parameterization of energy efficiency coefficients
B.1. Total energy efficiency coefficient
Similar slopes in log-log biomass-body size (weight) relationships observed in different ecosystems (Dickie, 1976; Boudreau and Dickie, 1992) suggest that a simple parameterization can be used to define the energy transfer from primary production to upper trophic components, at least when they are not impacted by a too high external (fishing) forcing and include a sufficient diversity of organisms, allowing to compensate for species variability inside the ecological ''size window" group. Considering the property of these biomass size spectra, it is not surprising that Iverson (1990) , while compiling data in environments ranging from oceanic to coastal waters, calculated that for an average 2.5 trophic transfers from phytoplankton to carnivorous fish and squids (typically micronekton species) the annual production F 0 yr of these midtrophic groups can be described according to a simple equation (Eq. (1)) based on annual primary production P 0 yr , either from C transfer efficiency of total primary production or N transfer efficiency of new primary production.
When new primary production is used, E appears to be a constant value (0.28), while it varies between 0.1 in oceanic environment and 0.2 in coastal environment for total primary production. These relationships have been used for the parameterization of energy transfer in our mid-trophic model. When using total primary production, we choose a value of 0.1 for the present basin-scale simulation. Coefficient c is used to convert between units of N or C respectively to grams of fish wet weight.
For P in mmol C, c = 12 Â 10 À3 (g C) Â 2.4 Â 3.3 = 0.0948, with 2.4 the ratio between fish dry weight (g) and carbon (g) and 3.3 the ratio between fish wet weight (g) and fish dry weight (g) (from Vinogradov, cited in Iverson, 1990 ).
For P in mmol N, c = 14 Â 10 À3 (g N) Â 2.4 Â 3.3 Â 3.6 = 0.3992, with 3.6 the ratio between carbon and nitrogen in fish (from Vinogradov, cited in Iverson, 1990) .
B.2. Energy matrix coefficients
Coefficients of the energy matrix were estimated in several phases. First, a simple model with a single mid-trophic (forage) population integrating the biomass over all the vertical structure was used (Lehodey et al., 1998 (Lehodey et al., , 2003 Lehodey, 2001 ) with predicted fields from two different coupled physical-biogeochemical models: the carbon-based biogeochemical model used in the present study, and a nitrogen-based model Dugdale et al., 2002) . Interestingly, the comparison of average forage biomass predicted from these two different model configurations gave remarkably similar results, both in absolute values and in fluctuations in different equatorial geographical boxes (Lehodey, 2004b) .
Then, a 2-layer 3-component model was tested. In the absence of information on the level of energy transfer from primary production to each of the three components, a first simulation was run based on the 1-layer 1-component parameterization with equal part transferred to each component (i.e. 1/3, 1/3, 1/3). Results were compared to a few observations found in the literature (Lehodey, 2004b) , e.g., the night and day distribution of micronekton in the eastern equatorial Pacific in the upper 200 m as observed during EASTROPAC cruises in 1967 -1968 (Blackburn and Laurs, 1972 , leading to a new parameterization of 1/6 (epi), 3/6 (migrant) and 2/6 (deep).
Finally, simulations were run with the 3-layer 6-component model. Again the coefficient values were split between the new components and refined according to the same observations. In Table A-1 Mid-trophic species and taxa of the tropical Pacific Ocean classified by vertical migrant or non-migrant components, based on King and Iversen (1962) , Roger (1971) , Legand et al. (1972) , Blackburn and Laurs (1972) , Grandperrin (1975), and Repelin (1978) .
Epipelagic layer Crustaceans:
Small size (<20 mm) euphausids (e.g., Stylocheiron carinatum, Euphausia tenera, S. affine) Larvae of crabs, shrimps, and stomatopods Pelagic adult decapods (in particular, the pelagic phase of the red crab (Pleurocondes planipes) is very abundant in the Eastern Pacific and represents an important source of food for skipjack) Almost all amphipods of the family Phronimidae Fish:
Engraulidae (anchovies) -The oceanic anchovy (Enchrasicholinus punctifer) seems to be a key species in the epipelagic food chain in the warmpool as it is growing very quickly (mature after 3-5 months) and can become very abundant after episodic blooms of phytoplankton Clupeidae (herrings, sardines) Exocaetidae (flyingfish) Small Carangidae (scads) All juvenile stages of large-size species (Bramidae, Coryphaenidae, Thunnidae, etc.) Cephalopods:
Larval 
Appendix C. Dynamics of mid-trophic functional components
The model is coupled ''off-line" with biogeochemical model, that is, there is no feedback from the mid-trophic groups to the biogeochemical components (zooplankton or detritus). The recruits to each mid-trophic components n, i.e., production F 0 n , are modeled by advection-diffusion equations, and their dynamics is driven by temperature and currents predicted by OGCM. These forcing variables as well as the calculated production are used then to drive ''off-line" the numerical model of mid-trophic functional groups F n .
C.1. Production model
The production F 0 n that contributes to the mid-trophic component n is the cohort of organisms that are developing from primary production for the time t r , and during this time are transported by water masses. The spatial dynamics can be described by simple advection-diffusion equation however the ageing of a cohort should also be considered assuming that age is linked to the ambient temperature (see Section 2.3).
Let us denote S n the density of nth mid-trophic production component (n = 1, . . . , 6). At the time 'zero' the conversion according to Iverson formula (1) and energetic coefficient of Table B -1 is applied to primary production input. Then the development of micronekton production is governed by advection-diffusion equations during time t r . Since the time t r depends on the ambient temperature, the age of a cohort varies in space. Thus, at each grid cell ij of the model domain, t r ij ¼ f ðT ij Þ, where function f is derived from Eq. (4) and symbol 'hat' denotes averaging over depth layers (see below). According to Eq. (4), t r is smaller if the population inhabits the areas with high temperatures and larger for lower temperatures, with maximal value t r,max = 1/4 t m,max fixed for the temperature of 0°C.
Space-dependence of the turnover time together with the evidence that during this time mid-trophic production drifts in space with ocean currents and diffuses both with water masses and due to their own motions lead to the following discrete-continuous model: ; for 1 6 m 6 bt rij c ðC1Þ
@S
where D is the diffusion coefficient,û andv are the zonal and meridional components of the current. Thus, in order to resolve both transport and ageing problems at the same time we introduce m variables S m n ðm ¼ t r max =Dt with Dt, the computational time step) for each mid-trophic group n which are simulated with help of discretized form of advection-diffusion equation, and at each time step yield to simple 'ageing' relationships according to instantaneous integer values of t r ij at each cell ij. The finite-difference approximation of ADEs is solved with alternate-direction-implicit method with monthly time step and onedegree grid spacing.
The averaging of the ocean currents as well as the ambient temperature is done according to the time the mid-trophic functional group is occupying its day or night layer, e.g., The resulting mid-trophic production F 0 n which will be recruited by nth mid-trophic population at each time step is derived from the solutions of (C1) as follows The transport of each mid-trophic component in the two horizontal dimensions x and y and the change of their biomass is described by the advection-diffusion-reaction equation:
where k is the mortality coefficient, F 0 n is the production and F n is the biomass of the nth mid-trophic component.
The partial derivatives of Eq. (C4) are approximated by second order finite-differences with upwind differencing of advective terms as described in Sibert et al. (1999) . Zero-flux boundary conditions, representing zero transport of the biomass across the bounds are chosen in order to set impermeability of the computational domain. The resulting algebraic problem is solved with help of well-known alternate direction implicit (ADI) method, which is stable and always converging to the unique solution of the given equation.
Although the Eqs. (C1) and (C4) are solved on rectangular grid, a correction factor is defined as 1/cos(lat) with latitude in radians and used to account for the change of grid cell sizes with higher latitudes. Hunter and Wada (1993) 
